Student awareness levels are frequently used to evaluate the effectiveness of educational policies to promote scientific literacy. Over the last years several studies have been developed to assess students' perceptions towards science and technology, which usually rely on quantitative methods to achieve broad characterizations, and obtain quantifiable and comparable data. Although the usefulness of this information depends on its validity and reliability, validation is frequently neglected by researchers with limited background in statistics. In this context, we propose a guideline to implement a statistical approach to questionnaire validation, combining exploratory factor analysis and reliability analysis. The work focuses on the psychometric analysis of data provided by a questionnaire assessing 1196 elementary and high school students' perceptions about biotechnology. Procedural guidelines to enhance the efficiency of quantitative inquiry surveys are given, by discussing essential methodological aspects and relevant criteria to integrate theory into practice.
Introduction
It is widely acknowledged that while case-study methodologies are particularly appropriate for detailed studies, survey-based approaches can provide considerable amounts of data that are usually easier to process and suitable for prediction and generalization, in comparatively shorter periods of time (Black 1999 , Oppenheim 1992 . These features underlie the reasons why in large scale educational observatories such as the ROSE, PISA and TIMSS surveys, quantitative assessment is favoured. Among the various inquiry methods available, quantitative approaches such as questionnaire-based surveys allow broad characterizations of target populations (Black 1999 , Oppenheim 1992 . However, these instruments hold limitations, mainly pertaining to biases introduced by the respondents' subjective interpretations and the researcher's expectations (Black 1999) . Hence, questionnaires must be designed and administered following adequate procedures to optimize the validity and reliability of the results provided. Questionnaire validation, namely by adopting an integrated approach combining pilot study with psychometric analysis, allows improving the instrument's design and addressing ambiguities that can compromise the quality of the data gathered (Black 1999 , Fabrigar et al. 1999 , Oppenheim 1992 . Still, there are many studies in which these procedures are insufficiently or inappropriately reported (Blalock et al. 2008 ). For instance, Blalock et al. (2008) analyzed 150 peer-reviewed articles published between 1935 and 2005 focusing on the measurement of students' attitudes towards science and verified that, from the 66 resulting instruments, 42% were missing evidence of psychometric soundness. This may result from the seeming complexity of the available validation methods and from the erroneous perception that they are inefficient considering the extra time and effort demanded for their implementation (Dörnyei 2002) . However, if research designs overlook validation procedures, the resulting data will not allow for sound interpretation, reproducibility and comparison. Therefore, validation is a crucial topic in science education research.
This study proposes a guideline for the improvement of the quality of quantitative data by discussing a statistical approach to psychometric analysis, combining exploratory factor analysis and reliability analysis. The work presented focuses on the large scale evaluation of a multidimensional questionnaire, developed and validated to assess elementary and high school students' perceptions about biotechnology.
Exploratory factor analysis
Exploratory factor analysis (EFA) is an exploratory method to probe data variations in search for a more limited set of variables, or factors that can explain the variability observed for the variables measured, that has become a frequently used statistical technique in psychometric analysis (Costello and Osborne 2005 , Fabrigar et al. 1999 , Henson and Roberts 2006 . Through the combination of the predicted variables within the components identified, EFA allows reducing the total number of variables to process and, most importantly, assessing construct validity (Hayton et al. 2004 ) by enabling the quantification of the extent to which the items measure the intended constructs (Groth-Marnat 2009). Nevertheless, the empirically endorsed good practices in EFA require making a considerable amount of decisions based upon contextual parameters rather than on clearly predetermined criteria (Child 2006 , Costello and Osborne 2005 , Hogarty et al. 2005 ). Amongst such decisions, the ones that most frequently concern researchers deal with the size of the sample used and the number of factors and items to retain (Costello and Osborne 2005) .
Context of the study
With the recognition of the range and depth of biotechnology's social repercussions, the concerns about the public's understanding of biotechnology applications have fostered an increasing curricular coverage of biotechnology topics, and the development of numerous programs and resources to promote students' literacy (Dawson and Soames 2006, Sáez et al. 2008) . Across numerous countries, including Australia, The Netherlands, Slovenia and Turkey, the efficiency of this investment in biotechnology education has been mainly evaluated using quantitative instruments designed to assess students' knowledge and attitudes towards (Dawson and Soames 2006 , Klop and Severiens 2007 , Prokop et al. 2007 , Uşak et al. 2009 ). However, more commonly that what could be expected, the instruments used are not psychometrically adequate, and the reported findings are based on data obtained using questionnaires that have not been properly validated ).
Besides affecting the validity of eventual comparisons established according to the indicators conveyed in these studies, this also compromises the reliability of the diagnostic assays, which ultimately impacts the success of interventions designed accordingly. These implications emphasize the need to further extend the array of studies focusing on students' perceptions of biotechnology using valid measurement instruments, and to assist researchers in making sense of the psychometric analysis methods available.
The integration of information obtained by measuring different elements that affect opinions and behaviours regarding biotechnology, such as knowledge, attitudes, interest, and importance attributed to it can contribute to a more thorough understanding of the factors that mediate students' perceptions. However, most of the studies addressing students' perceptions about biotechnology have generally covered knowledge and attitudes (Dawson 2007 , Klop and Severiens 2007 , Prokop et al. 2007 , Uşak et al. 2009 , and a more limited number has assessed student interest about this socio-scientific issue (Kidman 2008, Lamanauskas and Makarskaitė-Petkevičienė 2008) . Accordingly, the questionnaires that have been made available focus on the measurement of discrete elements. Furthermore, these instruments often lack empirical support of validity and reliability. So far, only a limited number of studies, as for instance the ones by Klop and Severiens (2007) and have clearly evidenced concerns with the psychometric soundness of the instruments used. If the existent questionnaires are not utterly appropriate to address the specificities of the target population or account for the entire topics one intends to investigate, it becomes necessary to develop novel instruments that must be thoroughly validated. In fact, validation must always be incorporated in a study's design, as these procedures report to specific settings and populations (Oppenheim 1992) . Therefore, aiming to obtain a broader and articulated appraisal of elements that mediate students' perceptions, a questionnaire was developed and validated through pilot work and psychometric analysis, to measure the following constructs: knowledge, attitudes, interest, and importance given to biotechnology.
Purpose of the study
The main goal of this study was to present an oriented guideline for validating scores of quantitative instruments in applied settings, by focusing on the psychometric analysis of data gathered through the large-scale validation of a multi-dimensional questionnaire designed to measure elementary and high school students' perceptions about biotechnology. The procedure conducted followed a statistical approach combining a pilot study and psychometric analysis through EFA and reliability analysis. More than produce a valid instrument, this study discusses key issues that are determining for the improvement of the validity and reliability of quantitative survey data through exploratory factor analysis, such as:
-Deciding on the quantity of data to use and how to address missing values. After determining the sample size, the researcher must select the method (s) to treat missing data (Blalock et al. 2008 ). -Deciding on a confirmatory or exploratory technique. The development of new instruments and/ or the absence of a robust theoretical model supporting the instrument used, require the use of exploratory techniques (Worthington and Whittaker 2006 ). -Determining the fitness of the data to factor analysis. The researcher must always assess the factorability of the data set (Worthington and Whittaker 2006 ). -Deciding on how many factors and items to retain.
The researcher must decide on the number of factors emerging from the analysis that explain the maximum amount of variance in the entire set of items, and the number of items that contribute effectively for those factors (Hayton et al. 2004 , Hogarty et al. 2005 ). -Assessing a scale's reliability. The extent to which the variance in the results can be attributed to the latent variables identified must be assessed (DeVellis 2003) .
The guideline proposed to address these topics is emphasized in Figure 1 .
Method

Participants
This study involved 1196 students attending the 9 th grade (aged 14-15 years; n = 498) and the 12 th grade (aged 17-18 years; n = 698) in nine randomly selected schools located in Porto metropolitan area. Students from these instructional levels were asked to participate in this study because these are, respectively, the final years of elementary and high school in Portugal, meaning that many students end these school cycles without further formal science education. The Portuguese high school curricular formats were considered for the inclusion of three subsets of high school students: (i) science students that were attending biology (n = 210); (ii) science students that were not attending biology (n = 225); and (iii) students engaged in non-science courses, such as arts, economics, informatics, or literature (n = 263). The 9 th graders' (56% females) mean age was 14.34 (SD = 0.66) and the 12 th graders' (53% females) mean age was 17.36 (SD = 0.66).
Measurement instrument Questionnaire development
The questionnaire was designed following a multistep approach comprising the steps listed below.
Content definition. The content covered in the questionnaire was defined based on a review of the literature on assessment of student awareness about biotechnology (namely Cavanagh et al. 2004 , Dawson 2007 , Klop and Severiens, 2007 , Prokop et al. 2007 ) with the purpose of identifying existing surveys and topics requiring further analysis. Three criteria were considered: i) authenticitythe contents are contextualized in the elementary and high school science curricula (Departamento do Ensino Básico 2001, Direcção-Geral de Inovação e Desenvolvimento Curricular 2004), and address issues frequently discussed in the media and in informal science education contexts; ii) intelligibility -the contents are accessible to students from different instructional levels and courses; iii) multidimensionality -the contents comprise diverse elements that prompt conceptual, cognitive, affective, behavioral and motivational engagement.
Item pool selection. The item pool was drafted by selecting items available in published studies (such as Dawson 2007 , Dawson and Soames 2006 , Gaskell et al. 2006 , Prokop et al. 2007 ) that were relevant for the measurement of the dimensions intended in light of the theoretical framework defined, and adapting them according to the specificities of the study sample. Minimum sets of the most informative items were included in the questionnaire to improve its time and cost efficiency, by reducing its length while maintaining internal checks (Oppenheim 1992) .
Expert review. A preliminary version of the questionnaire was subjected to the scrutiny of two biology teachers, one microbiologist and one psychology researcher, to obtain feedback on content and face validity, and on the accuracy, intelligibility, adequacy and organization of the items. The questionnaire's re-structuring heralded by this review resulted in the pilot version.
Pilot study and psychometric analysis of the pilot data. From October to December 2008, the pilot version of the questionnaire was administered to 92 elementary and high school students from four classes in three of the nine schools involved in the main study. The composition of the pilot sample was consistent with the main sample and included students from one 9 th grade class, from one 12 th grade biology class and from two 12 th grade non-biology classes. Using the Statistical Package for the Social Sciences (SPSS) v. 17.0, the data conveyed was subjected to EFA and to reliability analysis following the procedures described for the large-scale assessment study. EFA results led to the removal of three items and to the revision of several others. A detailed description of the pilot study is available in Fonseca et al. (2009) .
Questionnaire description
Following the psychometric analysis of the pilot data, a final version of the questionnaire was obtained (Electronic Additional file 1: Table S1 ). Part I of the instrument includes factual data questions to determine the students' socio-demographic profile. Part II includes sections assessing knowledge, attitudes and interest about biotechnology, and the importance given to it.
The knowledge section includes: a multiple choice question asking students for a definition of biotechnology (Q1); a list of options from which they must select the biotechnology applications they know (Q2); and a True or False question addressing basic aspects about biotechnology applications (Q3), which includes a Don't know option to reduce the social desirability bias (Black, 1999) . The attitudes section includes 25 five-point Likert-type items organized in three scales according to the tripartite attitude model (Klop and Severiens 2007, Rosenberg and Hovland 1960) . The cognitive component scale (Q5) evaluates students' approval of different biotechnology applications. The affective component scale (Q6 except Q6c) assesses students' feelings about human embryo research, genetically modified (GM) food labelling, and the capacity to control the consumption of GM foods. The behavioral component scale (Q7 and Q11) assesses students' intention to buy GM products, and to allow access to their genetic information. The interest section includes a five point Likert-type scale (Q8 and Q9) measuring students' interest directly and considering the frequency with which they are actively or passively exposed to information about biotechnology. The importance section consists in a five-point Likert type scale (Q4 and Q6c) measuring the importance students attribute to biotechnology in general and to the future impact of biomedical applications.
Data collection and analyses
The fieldwork was conducted from January to April 2009, by administering the questionnaire in the respondents' native language, during classes under the supervision of a teacher and/or a researcher. From the 1244 students originally asked to participate in the study, 48 had to be excluded as their answers were severely incomplete or inconsistent. Using SPSS v. 17.0, the data collected from 1196 students was codified, recorded and cleansed. Descriptive and missing values analyses were performed for all the items in the questionnaire, followed by validity and reliability analyses.
Construct validity. Each of the scales included in the questionnaire was subjected to exploratory factor analysis (principal component analysis with varimax rotation), following the procedures described in Figure 1 . The number of factors to retain during factor analysis was decided based on the Kaiser criterion (eigenvalues greater than 1), the scree test and meaningfulness of the results according to the theoretical framework (Costello and Osborne 2005, Hayton et al. 2004 ). The analysis included items that were not freestanding, cross-loading or decreasing the scale's internal consistency, and that displayed acceptable communalities (above 0.40), with factor pattern/structure coefficients above 0.40 (Costello and Osborne, 2005 , Fabrigar et al. 1999 . Hogarty et al. 2005 , Sharma 1996 . In performing EFA, the KaiserMeyer-Olkin (KMO) measure of sampling adequacy and the Bartlett's Test of Sphericity were used to assess the suitability of the sample for factor analysis (Worthington and Whittaker 2006) .
Reliability. Following EFA, an internal consistency analysis was performed by determining the Cronbach's coefficient alpha for each factor identified (DeVellis 2003).
Cross-validation. The consistency of these analyses was assessed through cross-validation (Hastie et al. 2009 ), by repeating the procedures for two independent sub-samples resulting from aleatory bipartition of the main sample and for the four subsets in which it can be divided according to grade and curricular structure: 9 th graders, 12 th grade science students attending biology; 12 th grade science students that were not attending biology; and 12 th graders from other courses. The two cross validation sub-samples were obtained by organizing the database according to the different groups that can be defined by the respondents' grade, course, school and gender and by randomly attributing the code 1 or 2 to half of the individuals of each group.
Dichotomous items. The knowledge section includes dichotomous items that were not subjected to factor analysis. Decisions on item retention and adequacy regarding these sections were made according to the outcomes of missing values analysis (Kent 2001) , and considering the Kuder-Richardson (KR20) coefficient scores. Item difficulty and item discrimination indexes were determined for each item in the knowledge section, allowing to assess the questionnaire's ability to distinguish between the different academic profile-based groups (Netemeyer et al. 2003) .
Inferential statistics. The students' responses were examined and compared by performing Student's t-tests and ANOVA analysis. One-sample t-tests were used to compare the students' mean responses with the midpoint of the test variables (test value = 3). For a confidence interval of 95%, responses that were below, above or equal to 3 were, respectively considered indicative of a negative, positive and neutral positioning. Correlations between variables were assessed using Pearson's product-moment correlation coefficient.
Results and discussion
Understanding the psychometric properties of the instruments used in quantitative research is essential in order to make sense of the data they provide. Since this study discusses the implications of psychometric analysis for a comprehensive understanding of the findings according to the theoretical framework and the interactions between the variables, the detailed description of this survey's outcomes is beyond the focus of this work and can be found in .
Missing values analysis
Following missing values analysis, all items were considered eligible for analysis. The maximum score of missing cases registered was 2.3% and occurred for item Q1 (Electronic Additional file 1: Table S1 ). The series mean method in SPSS was used to replace the missing values, given that they were limited (below 5%) and random (Paul et al. 2008 ).
Knowledge
The Kuder-Richardson 20 (KR20) score for the knowledge section was 0.55. The KR20 formula provides an estimate of internal consistency for inventories with dichotomous items, which is interpreted like the Cronbach alpha scores (Gravetter and Forzano 2009) . Ranging from 0.00 to 1.00, KR20 scores must be greater than 0.60 for a measure to be considered reliable (Wasserman and Bracken 2003) . However, since the KR20 coefficient provides minimum reliability estimates and the difficulty of the items in this section is heterogeneous (Black, 1999) , all items were upheld for analysis. The difficulty of the knowledge items varied from 22% to 87%, averaging 49%. The item difficulty index is the fraction of correct answers per item and its optimum value is usually considered to be halfway between 100% of correct answers for that item and the chance probability of getting the answer correct (Kaplan and Saccuzzo 2009) . Therefore, the scores obtained indicate the possibility of differentiating several levels of student knowledge. The mean item discrimination value was 0.31, ranging from 0.18 to 0.44, with item Q3a scoring below 0.05. Item discrimination measures the degree of correspondence between the success in each item and in the whole set of items, and can be computed using a point biserial correlation (Kaplan and Saccuzzo 2009) . The correlation values must be above 0.30 for items to be considered sufficiently discriminating (Kaplan and Saccuzzo 2009) . Although the scores obtained may suggest a weak discriminatory capacity, the item difficulty index together with the ANOVA results for the Knowledge Score (0 to 24 points) obtained by combining the selection of the most inclusive option in question Q1 (option ii, Electronic Additional file 1: Table S1), the number of correct answers in Q3 (Electronic Additional file 1: Table S1 ) and the number of biotechnology applications known by each student (Q2, Electronic Additional file 1: Table S1) demonstrates the questionnaire's capacity to distinguish between the four academic profile-based groups sampled (F(3.1192) = 50.78, p < 0.001) (Electronic Additional file 2: Table S2 ).
These results reveal a hierarchical distribution of knowledge according to the biology coverage of each group's curricula, with the science students who attended biology scoring significantly higher than the other students (p < 0.001), followed by the science students who did not attend biology and finally the non-science students and the 9 th graders, between whom no significant differences were observed (p = 0.40).
Scales
Considering that the scales in this questionnaire were newly developed, their validation was conducted through EFA (Worthington and Whittaker 2006) . From the existing extraction procedures for EFA, principal component analysis (PCA), and common factor analysis are the two most frequently used, and there has been disagreement among statisticians about their advantages and limitations (Costello and Osborne 2005, Worthington and Whittaker 2006) . In this study, PCA was selected as the extraction method considering that: (i) in most contexts, both methods have been shown to produce similar results (Fabrigar et al. 1999 ); (ii) PCA is the default option in most statistical software packages, such as SPSS and SAS (Statistical Analysis System), and consequently, more easily available; (iii) compared with PCA, the outcomes of common factor analysis pertain more effectively to confirmatory factor analysis, making it appropriate for studies for which there is not a utterly established theoretical model (Floyd and Widaman 1995) . Concerning the rotation method used, both orthogonal and oblique rotation methods were tested, producing identical outcomes regarding factor pattern/ structure correlations. Since the interpretation of rotated component matrixes is simpler, it was decided to present the outcomes of varimax rotation (orthogonal) (Costello and Osborne 2005, Henson and Roberts 2006) .
Attitudes' cognitive component scale
According to the pilot study data, this scale includes three factors: classical applications (Q5a and Q5b, α = 0.64.); agro-food applications (Q5d, Q5i, and Q5j, α = 0.62); and biomedical applications (Q5h, Q5k, and Q5l, α = 0.67). The factor structure identified in the large-scale evaluation is consistent with this three-factor solution (Table 1) , and explains 64.47% of the total variance observed. The Kaiser-Meyer-Olkin (KMO) score was 0.80, confirming the sample's adequacy for factor analysis (KMO = 0.80). The KMO provides a measure of homogeneity between variables, by comparing partial correlations coefficients with the observed correlation coefficients (Worthington and Whittaker 2006) , and it should be greater than 0.50 for a satisfactory factor analysis to proceed (Sharma 1996) . Furthermore, Barlett's Test of Sphericity shows a statistically significant correlation between the variables (χ 2 (28) = 2010.08, p < 0.001). This test allows assessing the quality of the correlation matrix, by testing the null hypothesis that it is an identity matrix. Significant scores for the Bartlett's Test (p < 0.05) indicate that there is a correlation pattern among the variables tested (Ho 2006) . In addition, the Cronbach's alpha values are all satisfactory, scoring above 0.60. Cronbach's alpha provides an average estimate of all possible split-half correlations obtained by dividing a scale in every possible way. Scores vary from 0.00 to 1.00 and must be greater than 0.60 for a measure to be considered reliable (Wasserman and Bracken 2003) . Thus, it was decided to keep this factor structure and analyse the data accordingly.
The factors' mean scores (Table 1 ) reveal a hierarchical approval of the three different types of applications considered (p < 0.01), with classical applications being considered the most acceptable, followed by agro-food applications, and with biomedical applications being disapproved by the majority of students. This is an unexpected result considering that usually biomedical applications are perceived as more acceptable than agro-food applications (Klop and Severiens 2007, Sáez et al. 2008 ). Since two of the three items contributing to the factor biomedical applications mention animal manipulation (Q5h and Q5l, Table 1), which is known to elicit negative attitudes (Dawson 2007 , Einsiedel 2005 , it is possible that the students' positioning towards biomedical applications is a response to the type of organism manipulated rather than to the purpose of the application. In fact, individual item analysis shows that the mean scores for both of these items were significantly lower than 3, whereas item Q5k (Table 1) , addressing bacterial manipulation, scored significantly above 3 in the five-point scale used. These outcomes demonstrate the impact of item content on students' responses, and assert the importance of considering the multidimensionality of the variables measured, which would not be evident by conducting a simple reliability analysis of all the items included in the cognitive component scale. In this case, the Cronbach alpha value obtained would be satisfactory (α = 0.81) and the global mean score for the scale would be indicative of a positive cognitive appraisal (M = 3.27, SD = 0.65, t(1195) = 14.44, p < 0.001). These results would overlook differential attitudinal responses, emphasizing the need to consider a scale's factor structure as finer information that shapes the global information provided by that scale.
Attitudes' affective component scale
According to the factor structure identified during the pilot data processing, this scale includes two factors: human embryo research (Q6a and Q6d, α = 0.37); and control capacity (Q6b and Q6e, α = 0.33). The best factor solution obtained by EFA corroborates this two-factor structure (Table 2 ) and accounts for 58.73% of the variance observed. However, these results are not supported by the reliability analysis, as the factors included in the scale do not display acceptable internal consistency (scoring below 0.50). Moreover, despite the statistically significant correlation between the variables (χ 2 (6) = 142.99, p < 0.001), the KMO index (KMO = 0.49) indicates a disperse pattern of correlations among them (Sharma 1996) , suggesting that the items' formulation leads this dimension to be unfit for factor analysis. In Table 2 Factor structure of the affective component of attitudes scale based on EFA and reliability analysis fact, the KMO score obtained for the pilot sample (KMO = 0.45) was also at the threshold of acceptability, suggesting that the increase in the sample size does not affect its suitability for this method. Whereas these results may be interpreted as tendencies when a relatively small sample is used, they become unacceptable for a sample of 1196 individuals. Therefore, this factor structure should not be considered. This outcome is not surprising, given the also low internal consistency scores registered during the psychometric analysis of the pilot study's data. A solution to overcome this situation involves increasing the number of items contributing for the two factors identified (Black 1999 , Kent 2001 .
Attitudes' behavioral component scale
According to the pilot data, this scale has a two-factor structure -buying intent (Q7a, Q7b, Q11c, and Q11d), α = 0.63) and access to genetic information (Q11a and Q11b, α = 0.69). The best factor solution identified during the large scale evaluation is consistent with this twofactor scale (Table 3 ) and explains 61.00% of the total variance observed. The sample adequacy is confirmed by the KMO score (KMO = 0.74) and the Bartlett's Test of Sphericity demonstrates that the variables are statistically significantly correlated (χ 2 (15) = 1378.22, p < 0.001). However, the Cronbach's alpha value for the factor access to genetic information is below the threshold of acceptability (α = 0.56). The individual analysis of the two items that contribute to this factor (Q11a: M = 3.35, SD = 1.22, t(1195) = 9.98, p < 0.001; Q11b: M = 2.48, SD = 1.22, t(1195) = −14.69, p < 0.001) reveals that the differences in their responses were conspicuous enough to prevent their treatment and interpretation as a single underlying variable.
Interest about biotechnology scale
EFA results for the pilot data indicate this is a uni-factor scale (Q8, Q9a, Q9b, and Q9c, α = 0.77). The large scale evaluation results corroborate this solution (Table 4) , which explains 62.90% of the total variance observed. There is a statistically significant correlation between the variables tested (χ 2 (6) = 1511.78, p < 0.001) and the KMO index supports the sample's adequacy (KMO = 0.77). Furthermore, the scale's reliability (α = 0.80) justifies the retention of this factor structure and the analysis of its items. An important feature of this interest scale is the fact that there is only one item inquiring students directly about their interest in biotechnology (Q8, Electronic Additional file 1: Table S1), whereas there are three items assessing the frequency with which they are passively or actively involved in searching information about it (Q9, Electronic Additional file 1: Table S1 ). This structure allows minimizing the social desirability bias (Black 1999) .
Importance of biotechnology scale
EFA results for this scale with the main study data conform to a uni-factor structure ( Table 5 ) that explains 65.15% of the total variance observed and is consistent with the solution identified using the pilot study data (Q4 and Q6c, α = 0.56). However, similarly to what was observed for the affective component of attitudes scale, the reliability score does not support this factor solution (α = 0.46). Likewise, this scale also seems to be inadequate for factor analysis, given that, although the variables are statistically significantly correlated (χ 2 (1) = 114.89, p < 0.001), the KMO value is at the threshold of acceptability (KMO = 0.50). These results support the need to redefine this scale, by incorporating more items.
Articulating EFA results with the theoretical background: interpretation and implications
Most of the instruments used to measure student attitudes towards biotechnology, regardless of the concept definition considered, have envisaged this as a uni-dimensional construct (Dawson and Schibeci 2003, Erdogan et al. 2009 ). Only recently Klop and Severiens (2007) have demonstrated that a tripartite model, underpinned by the interplay between cognitive, affective and behavioral elements, allows a more thorough description of students' attitudinal responses to biotechnology applications.
Consistently with the tripartite model, EFA outcomes using the pilot data and the main study's data revealed item structures that conform to three different scales. However, this result would not be evident simply by conducting a reliability analysis of all the attitudes items, as the Cronbach alpha value obtained would be satisfactory (α = 0.82). This reasoning applies to each attitude scale defined, and demonstrates that the awareness of a scale's factor structure enables the researcher to conduct a sounder interpretation of the constructs measured than is achievable through a global appraisal. Considering the tripartite attitude model, although knowledge can exert a positive influence, the development of a certain attitude towards biotechnology relies on emotional and behavioral elements based on personal weighing of risks, benefits, and ethical implications (Brossard and Nisbet 2007) . In this study, the different constructs measured were subjected to correlation analyses, whose outcomes were :  Table S3 ) suggest that the development of perceptions about biotechnology applications depends on an intricate network of attitudinal elements that modulate the expression of knowledge (Amin et al. 2007 , Klop and Severiens 2007 , Sáez et al. 2008 . For instance, although associated with knowledge (r = 0.25, n = 1196, p < 0.001), the intention to purchase GM products was more strongly correlated with the students' beliefs about agro-food (r = 0.45, n = 1196, p < 0.001) and biomedical (r = 0.46, n = 1196, p < 0.001) applications. In addition to attitudes, motivational elements are also important determinants of people's behaviours. Specifically, student interest about biotechnology can be regarded as an endogenous determinant of motivational patterns (Ryan and Deci 2000) . EFA results revealed a uni-factor interest scale, according to which students were not that interested about biotechnology (M = 2.65, SD = 0.88, t(1195) = 13.93, p < 0.001). In addition, this dimension was positively correlated with the students' Knowledge Score (r = 0.36, n = 1196, p < 0.001). Future research on the correlation patterns identified between the dimensions measured and those requiring further development, i.e. the affective component of attitudes and student interest about biotechnology, will foster their transposition into causal relationships, informing practitioners and curriculum developers of the most efficient interventional measures.
Cross validation
The outcomes of the cross validation procedures confirm the results obtained using the main student sample (Electronic Additional file 4: Table S4 and Additional file 5: Table S5 ). The best solutions identified for the two subsets obtained by aleatory division of the main sample were straightforward asserting. When the sample was divided into four groups according to the student's grade and curricular structure, the variations of the scales' internal consistency demanded a more careful and adjusted selection of the number of factors and items to retain. To a certain extent this variability could be predicted considering the heterogeneity of the participants' academic profiles among these four groups.
Overall, the factor structures for each of the scales in the questionnaire identified during the large-scale evaluation (Tables 1, 2 , 3, 4 and 5) are consistent with the ones previously identified with the pilot sample (n = 92), and sustained by the cross-validation procedures (Electronic Additional file 4: Table S4 and Additional file 5: Table S5 ). Although the increase in the number of respondents might have been expected to produce a sounder factor structure, this was not observed. Furthermore, EFA results were only partially supported by the outcomes of the reliability analysis. Consequently, the factor structures that showed poor reliability should not be upheld.
Although there is not a specific procedure to determine the adequate sample size for EFA (Reise et al. 2000) , criteria such as keeping a minimum 2:1 ratio between the number of subjects and variables assessed (Meyers et al. 2006) , or having a minimum of 100 effective participants (Child 2006, Wasserman and Bracken 2003) are considered reasonable. Nevertheless, regardless of the criteria considered, samples must be sufficiently large to allow minimizing sampling errors, obtaining stable estimates, and producing robust statistical analyses (Wasserman and Bracken 2003) . This study's findings corroborate the premise that sample adequacy for EFA rests on practical decisions concerning desired levels of statistical significance and meaningful analytic contributions for the theoretical aims of the study (Costello and Osborne 2005, Henson and Roberts 2006) . Furthermore, they emphasize that the EFA's efficiency depends not only on the number of individuals providing the data (Costello and Osborne 2005, Fabrigar et al. 1999) , but also on their homogeneity concerning features such as age or education. In addition, these outcomes also indicate that even with representative samples, extrapolations must be cautious and rational (Child 2006) . The sample used in this study was heterogeneous in regards to the participants' academic background. Although cross validation using the four key groups that compose the main sample ultimately confirmed the best factor structures identified, the variability of the results obtained between groups suggests that the sample's composition is clearly a conditioning factor. This heterogeneity can also explain why the factor structures identified were not as clear as what might be expected considering the size of the sample (Child 2006, Costello and Osborne 2005) . It is possible that these scores are a consequence of the low number of items contributing to the factors considered. Yet, increasing the number of items may not always be an option, as a longer questionnaire can be inappropriate for specific target populations. For instance, presenting students within the age range of this study's participants with a longer questionnaire is likely to foster their impatience, resulting in their lack of engagement, which would jeopardize the reliability of their answers (Dörnyei 2002 , Oppenheim 1992 .
It is necessary to keep in mind that EFA is an approach that requires adopting a pragmatic position and deciding upon the articulation of results that frequently do not fit perfectly into the existing criteria (Fabrigar et al. 1999) . Therefore, its outcomes are influenced by several factors, namely the design of the study, its aims or the data properties (Costello and Osborne 2005) . For example, even if a more parsimonious interpretation of the data is achievable through factor analysis, it is imperative to appraise its results according to the theoretical framework in which the study was designed (Hayton et al. 2004) . Practical decisions that affect the efficiency of EFA, such as factor and item retention or the size of the sample to be used, cannot be devoid of theory. Despite its limitations, this statistical method is a powerful tool to identify latent variables that can account for the variance observed for certain psychological features, to better understand the correlations between the variables, and to integrate the results obtained within theoretical constructs (Henson and Roberts 2006) . In this study, EFA proved to be utmost important in allowing to focus the data analysis on underlying constructs that were not obvious in the original design, in improving the interpretation of the results according to the existing theoretical frameworks and in bringing to the fore a multidimensional characterization of students perceptions about biotechnology according to key psychometric features.
Conclusions and Implications for science education research
This study reinforces the notion that the forecasts made available by EFA are affected by sample size and composition, and that the use of larger samples does not necessarily yield better results (Hogarty et al. 2005 , Reise et al. 2000 . Most importantly, it demonstrates that the decisions required in psychometric analysis are not straightforward and depend on the nature of the study design, the goals set, and the properties of the data collected.
The questionnaire used in this study allows obtaining a broad characterization of elementary and high school students' perceptions about biotechnology with reasonable validity and reliability. Furthermore, because the samples used in the pilot and in the large-scale assessment study comprise students from diverse academic backgrounds within a wide age range, this questionnaire is suitable for implementation in a variety of instructional situations and contexts. In addition, by allowing to collect data on various elements in a single application, this instrument is a time-efficient option even for studies with tight research agendas. However, more than present the science education research community with a novel quantitative measurement instrument, this work contributes with the definition of a procedural guideline for studies framed within the scope of quantitative assessment that can be applied to the improvement of the validity and reliability of the data collected in diverse evaluative settings. In this context, it must be mentioned that this study does not seek to produce a better or generally more suitable instrument than the biotechnology knowledge inventories and attitudes scales available in published research. Likewise, the validation procedure presented is not exclusive nor to be applied in every science education survey developmental study. The goal is to provide an insightful perspective on an efficient and easily available validation procedure that has wide applicability in quantitative research. It contributes to demonstrate that psychometric analysis methods are not impervious statistical techniques that may seem unappealing and complex to unacquainted researchers.
As future research, it would be interesting to apply the questionnaire in different countries to assess public perceptions about biotechnology in both student and adult populations. Since it covers general topics that are not exclusively curricular-derived, the questionnaire can be used with populations from various backgrounds. It is possible to further develop the instrument, namely by increasing the number of items for the factors with low internal consistency scores, so that its reliability can be improved. According to the features of the target population and the research plan, the various scales comprised in this larger questionnaire could be administered separately, or in differently combined fashions. In fact, the attitudes scales were used in a study focusing on biology teachers' beliefs about biotechnology and biotechnology education (Fonseca et al. 2012) . In addition, the data of the large-scale implementation study presented ) has been applied to the development of a hands-on activity to improve high school students' scientific literacy . The instrument's multi-dimensional features fostered the cross-examination of the dimensions evaluated in order to design the most suitable experimental activities, namely concerning criteria such as authenticity, intelligibility, motivation and engagement. Finally, it would be important for other researchers to implement this proposed guideline using their own instruments and datasets at pilot or post-implementation stages. By allowing them to scrutinize their data, this will give them a deeper understanding of their quality and intricacies, thus improving the results and the generalizations made.
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